ABSTRACT: Summary statistics derived from the frequency-area distribution (FAD) of inventories of triggered landslides allows for direct comparison of landslides triggered by one event (e.g. earthquake, rainstorm) with another. Such comparisons are vital to understand links between the landslide-event and the environmental characteristics of the area affected. This could lead to methods for rapid estimation of landslide-event magnitude, which in turn could lead to estimates of the total triggered landslide area. Previous studies proposed that the FAD of landslides follows an inverse power-law, which provides the basis to model the size distribution of landslides and to estimate landslide-event magnitude (mLS), which quantifies the severity of the event. In this study, we use a much larger collection of earthquake-induced landslide (EQIL) inventories (n=45) than previous studies to show that size distributions are much more variable than previously assumed. We present an updated model and propose a method for estimating mLS and its uncertainty that better fits the observations and is more reproducible, robust, and consistent than existing methods. We validate our model by computing mLS for all of the inventories in our dataset and comparing that with the total landslide areas of the inventories. We show that our method is able to estimate the total landslide area of the events in this larger inventory dataset more successfully than the existing methods.
Introduction
A number of interrelated factors such as topography, lithology, groundwater conditions, and ground shaking, play a role in the triggering of earthquake-induced landslides (EQIL) (Gorum et al., 2011) . Specific combinations of these causal factors might result in different landslide distributions for any particular earthquake. The total area of landslides (the sum of polygon areas) triggered by the 2015 Gorkha earthquake, for example, is around 90 km 2 (Roback et al., 2017) , which is significantly less than that observed in the 2008 Wenchuan earthquake (~1160 km 2 ) (Xu et al., 2014b) . This reveals that the magnitude of these landslide-events should be noticeably different from each other, although both occurred in similar geomorphic (Kargel et al., 2016) and seismotectonic settings and had comparable earthquake magnitudes (Wilkinson et al., 2015) . This implies that defining the causal factors that control the characteristics of each event is not simple or straightforward. This complexity makes it difficult to develop a globally applicable model for the prediction of EQIL (Nowicki et al., 2014; Kritikos et al., 2015) . A landslide-event magnitude scale can improve our understanding of the relation between landslide causes and impacts because it simplifies a complex phenomenon into a single standard value that can be compared between triggering events.
Defining a magnitude scale for landslide events that relates to a physically measurable quantity is not straightforward. For instance, in seismology, the moment magnitude of an earthquake can be measured using seismic recordings but relates to a physical property of the source, the earthquake's moment (Shearer, 2009) . A measure of energy released during landsliding is more difficult to obtain (Guzzetti et al., 2005) because determining the total potential energy change would require mapping the starting and ending location and mass of each landslide's source material. The study by Keefer (1984) was one of the pioneer attempts to define a magnitude scale for EQIL. He used the number of landslides to define landslideevent magnitudes: an event triggering 10 2 -10 3 landslides is classified as a two; 10 3 -10 4 landslides is classified as a three, etc. Following Keefer (1984) 's method, Malamud et al. (2004) established a more comprehensive method by using the statistics of the landslide sizes. They considered the total landslide area predicted from a modeled probability distribution of landslide areas as a proxy for landslide-event magnitude (mLS).
The statistics of landslide sizes can be analyzed using cumulative or non-cumulative size distributions. These distributions can usually be represented by frequency-area distribution (FAD) curves that are plotted for the landslide-area bins versus the corresponding non-cumulative frequency-density values.
Numerous authors have observed that the FAD of medium and large landslides exhibit power-law scaling (Fujii, 1969; Ohmori, 1988; Hovius et al., 1997 Hovius et al., , 2000 Pelletier et al., 1997; Dai and Lee, 2001; Stark and Hovius, 2001; Guzzetti et al., 2002; Guthrie and Evans, 2004; Malamud et al., 2004; Van Den Eeckhaut et al., 2007) . Though some hypotheses have been proposed (Pelletier et al., 1997; Van Den Eeckhaut et al., 2007; Guthrie et al., 2008) , the physical explanation(s) that dictates the power-law or deviations from it is not well understood but is beyond the scope of this study.
According to this concept, two features control the shape of the FAD: a power-law distribution for medium to large landslides, and a divergence from the power-law toward high frequencies with a rollover point where frequencies decrease for smaller landslides (Figure 1 ). This point, at which the FAD diverges from the power-law, is defined as the cutoff point (Stark and Hovius, 2001) , whereas, the slope of the powerlaw distribution is defined using a power-law exponent (scaling parameter, β) (Figure 1 ).
The power-law distribution can be captured in both cumulative and non-cumulative FADs, and the power-law exponent for a non-cumulative FAD (β) can be transferred to its cumulative equivalent, α, using the relation α=β-1 (Guzzetti et al., 2002) . On the other hand, the rollover point is not visible in the cumulative FAD plots, and so most landslide size-distribution studies use non-cumulative FAD curves (Guzzetti et al., 2002; Malamud et al., 2004; Van Den Eeckhaut et al., 2007) .
Two approaches are used to model the FAD of terrestrial landslides (Hurst et al., 2013) . The first method (Stark and Hovius, 2001 ) uses two scaling regimes in the FAD of landslides: negative power-law decay for large landslides and positive power-law for small landslides. To model the entire distribution without ignoring the part of the landslide data that does not fit a simple power-law, they proposed using the double-Pareto distribution, which follows a power-law at both tails. This model quantifies the undersampling of smaller landslides and improves estimation of the power-law scaling of larger landslides, under the assumption that undersampling is the cause of power-law divergence. However, although the double-Pareto model describes the majority of the data well, Guthrie and Evans (2004) argue that the same model fits less well at the tails of the distribution.
The second method (Malamud et al., 2004 ) models the entire FAD of landslides, including the rollover, using a threeparameter inverse-gamma distribution (Equation (1)).
where ρ is the parameter primarily controlling power-law decay for medium and large values, Γ(ρ) is the gamma function of ρ, A L is landslide area (m 2 ), a is the location of the maximum of the probability distribution (m 2 ), which refers to rollover point, s is the exponential decay for small landslide areas (m 2 ), and À(ρ + 1) is the power-law exponent. For most landslide inventories, non-cumulative power-law exponents fall in the range 1.4-3.4, with a central tendency 2.3-2.5 (Van Den Eeckhaut et al., 2007; Stark and Guzzetti, 2009) . Malamud et al. (2004) also indicated that a power-law exponent of 2.4 provided the best fit to the data they examined. Malamud et al. (2004) defined landslide-event magnitude based on the common logarithm of the total number of landslides (N LT ) associated with the event (Equation (2)). They investigated three well-documented landslide inventories and defined empirical curves by fitting inverse gamma distributions to the data. They proposed that empirical curves of f(A L ) for various mLS can be obtained by multiplying the probability distribution given in Equation (1) by N LT (Equation (3)).
The authors proposed that these empirically obtained curves are valid for the frequency-size distribution of any landslide inventory. Accordingly, they argued that the FAD of any complete inventory should be consistent with the form of these empirical curves, and for any landslide-event inventory, mLS can be defined based on a visual comparison between the empirical curves and the FAD of the medium and large landslides. Based on this theory, they also established the following relations between (1) earthquake magnitude (M) and landslide-event magnitude (Equation (4)), and (2) landslide-event magnitude and total landslide area (A T in km 2 ).
The mLS estimates of Malamud et al. (2004) contain two main sources of uncertainty. First, they based their model on a limited dataset of three inventories, and thus were missing examples of the variety of FAD forms possibly leading to an oversimplified model. The FADs of landslide-event inventories do not always conform to the inverse-gamma distribution shape of their proposed empirical curves. Second, Malamud et al. (2004) proposed a fixed power-law exponent. If the power-law exponent of the investigated inventory shows a considerable difference from the modeled power-law exponent of 2.4, then the computation of mLS is highly subjective, particularly when selected using visual comparison, as they propose.
Our study aims to improve the methodology of Malamud et al. (2004) to estimate the landslide-event magnitude more accurately and consistently by diminishing some of the To accomplish this, we analyze a much larger dataset of 45 earthquake-induced landslide (EQIL) inventories from around the globe (Table I) . We focus on the segment of the FAD that does follow a power-law for consistency with the approach of Malamud et al. (2004) . We exclude the FAD of small landslides where we observe various rollover patterns. We propose a new method to define the magnitude of landslide events with its uncertainty. We find a relation between mLS and total landslide area and validate our model using the estimates total landslide areas. Then we evaluate and compare our methodology with that of Malamud et al. (2004) using the estimated and mapped total landslide areas.
Input data
We use an EQIL inventory database (Tanyas et al., 2017) , which contains 66 digital EQIL inventory maps from around the world for earthquakes that occurred between 1976 and 2016. Multiple inventories exist for some earthquakes, in most cases independently derived. From that database, we use the 45 inventories for which landslide area information is available (Table I) . Each inventory has a different level of quality, completeness, and in some of them, landslides can be attributed to more than one earthquake (Tanyas et al., 2017) . Harp et al. (2011) defined three basic criteria for evaluating inventories: (1) coverage of the entire area affected by landslides; (2) inclusion of all landslides down to a small enough and defined size; and (3) depiction of landslides as polygons rather than points. Harp et al. (2011) described inventories as comprehensive if they satisfy these conditions.
The EQIL inventory database includes eight of the EQIL inventories considered comprehensive by Harp et al. (2011 ): 1976 Guatemala (Harp et al., 1981 , 1978 Izu Oshima KinKai (Suziki, 1979) , 1980 Mammoth Lakes (Harp et al., 1984 ), 1983 Coalinga (Harp and Keefer, 1990 ), 1994 Northridge (Harp and Jibson, 1995 , 1996 , 1999 Chi-Chi (Liao and Lee, 2000) , Mid Niigata and 2008 (GSI of Japan, 2005 , and 2008 Iwate-MiyagiNairiku (Yagi et al., 2009) . In addition, the database includes the 2010 Haiti inventory of Harp et al. (2016) , which is considered a comprehensive inventory where landslides were mapped in a very detailed manner (Harp et al., 2011; Tanyas et al., 2017) for the entire affected area. In this paper, we refer to these inventories as high-detail inventories and the rest, which do not meet the three main criteria, are described as partial inventories.
Since the majority of inventories are not complete, one primary objective is to be able to define landslide-event magnitude even for inventories for a subset of the affected area. Therefore, we also include five such inventories: the 1989 Loma Prieta inventory (McCrink, 2001) , the 2006 Kiholo Bay inventory (Harp et al., 2014) , the 2008 Wenchuan epicentral inventory (Tang et al., 2016) , the 2013 Lushan inventory (Li et al., 2013) , and the 2015 Gorkha inventory.
Three inventories identified landslide types. Lateral spreads that were differentiated in the Eastern Honshu inventory (Wartman et al., 2013) were eliminated because they represent a distinct mechanism related to liquefaction. Similarly, in the Mid-Niigata inventories (Sekiguchi and Sato, 2006; Yagi et al., 2007) debris flows were excluded because their larger depositional area can affect the landslide FAD.
Method
In this section we present a stepwise description of our proposed methodology after providing brief background information on the parameters used.
The power-law distribution includes three terms:
where X is observed value (in this case, landslide areas organized in bins), c is a normalization constant, and β is the power-law exponent. The normalization constant, c, depends on the power-law exponent and a cutoff point based on the definition given by Clauset et al. (2009) . We define the normalization constant using two terms to explicitly include the total number of landslides (N LT ) within the formulation:
where c 0 is a constant obtained by dividing the normalization constant by the total number of landslides, and mLS is landslide-event magnitude scale. We use constant c 0 to integrate mLS into the equation.
Combining Equations (7) and (8) with Equation (6) produces the power-law and mLS equations:
where p(X) refers to the frequency density of landslides and mLS can be computed using any X and p(X) pair that lies on the line of best fit.
Step 1: Test the validity of the power-law distribution
To test the validity of power-law fitting for the EQIL datasets, we used the method of Clauset et al. (2009) , which consists of a goodness-of-fit test to measure the distance between analyzed data and synthetic datasets from a true power-law distribution. To quantify the distance between the two distributions, they used the Kolmogorov-Smirnov (KS) statistic and generated a P-value that indicates the plausibility of the hypothesis. A Pvalue close to one indicates a good fit to the power-law distribution, whereas P-value equal or less than 0.1 might indicate that the power-law is not a plausible fit to the data. For each inventory, we calculated P-values that indicate the plausibility of power-law hypothesis using KS statistics (Clauset et al., 2009) .
Step 2: Obtain the cutoff point and power-law exponent For each inventory, we found the power-law exponent (β) and the best-fitting constant (c 0 ) of the power-law and assessed the corresponding mLS value. To do so, we first identified the cutoff point for fitting and β based on the method of Clauset et al. (2009) , which has been applied elsewhere to landslide frequency-area statistics (Bennett et al., 2012; Hurst et al., 2013; Urgeles and Camerlenghi, 2013; Li et al., 2014b; Parker et al., 2015) . This approach estimates possible β values for each possible cutoff value using maximum-likelihood fitting methods with goodness-of-fit tests based on the KolmogorovSmirnov (KS) statistic and likelihood ratios. It operates directly on the landslide areas, and provides the cutoff and the β values. By operating directly on the landslide areas without binning, additional uncertainty introduced by the binning methodology is excluded from the result. In addition, β was calculated rigorously by considering only the part of the FAD where the power-law is valid (where X > Xmin, and Xmin is 1838 H. TANYAŞ ET AL. et al. (2009) that uses a nonparametric bootstrap algorithm (Efron and Tibshirani, 1994) .
Figure 2(a) shows an example of the visualization of estimated parameters for the 2008 Wenchuan inventory (Xu et al., 2014b) . In the plot, instead of bins, all data are used to generate a cumulative density distribution.
Step 3: Calculate the normalization constant After obtaining the cutoff value and β for each inventory, we identified the normalization constant, c (Equation (6)). To obtain c, we found where the power-law fit line coincides with the p(X cutoff ) value of the smallest empirical value in the interval for the power-law fitting regime where X > Xmin (Figure 2(b) ):
Step 4: Plot the power-law fit with empirical lines to estimate mLS
The next step was to determine the mLS using the located power-law fit, similar to the approach of Malamud et al. (2004) (Figure 2(c) ). We used the event-specific β values and detrended the empirical power-law fits for each landslide-event inventory by rotating the empirical lines around the midpoint of a reference inventory until the slope matched the β value of the event. The midpoint of an inventory was selected as a point that is in between the cutoff and the largest landslide size on a logarithmic scale. We used this point as a tuning parameter. Around this point, we build empirical lines that, in contrast to Malamud et al. (2004) , are represented by power-law distributions without a rollover. We calculated c 0 (Equation (7)) for the midpoint of the reference inventory. Consequently, using the same c 0 value, we read the corresponding mLS values (Figure 2(c) ) for each inventory. At this point, the power-law for the specific inventory will line up with the rotated empirical curves, and any point along the fit line can be used to determine the mLS (Equation (10)).
In choosing the reference inventory, we consider three criteria. First, the set reference point should have a central position to minimize the uncertainty caused by this selection itself. Because reorientation of all power-law fits around a central point causes less drastic deviations from the magnitude scale of Malamud et al. (2004) and its relation to the total number of landslides than using, for example, a point close to the edge of the midpoints' distribution. Second, to check that our estimated mLS values preserve the relation between mLS and the total number of landslides defined in Equation (8), we tested the most complete inventories available (labeled 'highdetail inventories' in Table I ) and excluded those triggered by more than one earthquake. Third, the reference inventory should meet the criteria for a power-law based on the KS test. This means that the P-value of the reference inventory should be larger than 0.1. As a result, we defined the mLS of the three high-detail inventories (Figure 2(c) ) (1983 Coalinga (Harp and Keefer, 1990) , 1994 Northridge Jibson, 1995, 1996) , and 2008 Iwate-Miyagi-Nairiku (Yagi et al., 2009 ) based on the logarithm of the total number of landslides associated with the event (Equation (8)). Then we recalculated the mLS values for all other inventories with reference to each alternative reference point.
Therefore, for any inventory having an event-specific β, the procedure for determining mLS is as follows: (1) fix the midpoint of reference inventory; (2) calculate the constant c 0 by plotting the power-law fit as described earlier; and (3) calculate the mLS for the investigated inventory by using the c 0 obtained in Equation 10 with p(X) and X taken at the midpoint location.
For comparison, we also computed mLS values using the method of Malamud et al. (2004) that does not allow for eventspecific β adjustments. We assigned an average β for the empirical power-law fits, which is the average β value obtained from the 45 inventories considered in this study (Table I) . By plotting the midpoints of the inventories on the empirical lines based on an average β value, we calculated c 0 (Equation (7)) for the midpoint of the Northridge inventory (Equation (2)) to provide a similar landslide-event magnitude scale to that of Malamud et al. (2004) . Consequently, using the c 0 value obtained for the midpoint of Northridge inventory, we read the corresponding mLS values (Figure 2(c) ) for each inventory.
Step 5: Identify the best approach to mLS estimation We found the relation between landslide-event magnitudes and total landslide areas obtained from inventories for each alternative described in Step 4. Using the relations obtained, we estimated the total landslide areas for all inventories. We then compared the estimated areas with the total landslide areas of the inventories for each approach to identify the best method.
We also estimated the total landslide areas using the method described by Malamud et al. (2004) (Equation (5)) using mLS values calculated based on the best alternative we obtained.
Step 6: assess the uncertainty We used the selected alternative and calculated mLS values for various β and cutoff couples located inside the obtained uncertainty limits to assess the uncertainty in mLS. To accomplish this task, for each inventory, we examined a set of beta and cutoff values within the uncertainty limits, and generated random β and cutoff values from the normal distribution with mean and standard deviation of examined data. We calculated mLS values for all pairs of these β and cutoff values to estimate the uncertainty in mLS.
Results
We plotted the FADs of all available EQIL inventories (Figure 3) . Using the methods of Clauset et al. (2009) described earlier, we checked the validity of the power-law fit. We found that six out of the 45 inventories have P-values lower than 0.1. This finding shows that for landslide size distribution in general, the powerlaw fit is a plausible hypothesis. Figure 3 shows that the cutoff points are not consistent from inventory to inventory and the data distributions for small landslides are highly variable and do not follow a positive powerlaw scaling. However, the divergence from a power-law for small landslide sizes is beyond the scope of this study. In this Figure 2 . (a) Visualization of cumulative density functions P(Area) and their maximum likelihood power-law fit; (b) identification procedure of the best power-law fit and its midpoint; and (c) distribution of the midpoints of power-law fits overlain by empirical power-law fits constructed with β=2.5 where high-detail inventories are labeled. The event-specific power-law exponents (slopes) are indicated by red lines (inventory IDs listed in Table I ).
[Colour figure can be viewed at wileyonlinelibrary.com] 1841 AN UPDATED METHOD FOR ESTIMATING LANDSLIDE-EVENT MAGNITUDE study, we focus on the medium and large landslides, where we observe the power-law behavior for most of the inventories.
Power-law exponents and cutoff values with their uncertainties for all the available EQIL inventories are reported in Table I . As described above, we estimated the total landslide area for all inventories and compared them with the original values (Table I) gathered from the inventories (Figure 4) . The results show that the use of the midpoint of the Northridge inventory Jibson, 1995, 1996) as a reference point gives better total landslide area estimates than other alternatives in terms of both root mean squared error (RMSE) and mean absolute error (MAE). Using the midpoint of the Northridge inventory as the reference point to de-trend the empirical power-law fits allows us to estimate the total landslide area more successfully than the previously published methods. The estimates based on the method described by Malamud et al. (2004) yield much larger RMSEs and MAEs for fixed (RMSE=280 km 2 and MAE=650 km 2 ) and event-specific β (RMSE=2400 km 2 and MAE=725 km 2 ) (Figure 4 ). In Figure 5 (a), we present the relation between the landslideevent magnitude values and the total landslide areas for our preferred method (using the midpoint of Northridge inventory as reference point) (RMSE=77 km 2 and MAE=25 km 2 ). In Figure 5 (b), we compare the residuals of the estimated total landslide areas. The results show that the residuals increase as the total landslide areas of inventories increase.
To estimate the variations in mLS calculated using different midpoints, we compared the differences between mLS values obtained by our method and other methods presented above. We examined the range of variation for five mLS intervals as presented in Figure 6 . Results show that the mean variations Table I (inventory IDs listed in Table I are 0.30, 0.33, 0.20, 0.36, and 0.63 for mLS intervals of 2-3, 3-4, 4-5, 5-6, and 6-7, respectively. For mLS values larger than 6, we have a larger variation compared with other intervals, because they have larger total areas. As described above, we also assessed the uncertainty in our mLS estimations for each inventory (Table I) .
Discussion
This study derives an objective landslide-event magnitude scale for EQIL inventories that is comparable with previously published scales. Both the method of Malamud et al. (2004) and the method presented in this study have uncertainties and limitations.
In addition to our preferred method, data-related factors such as lack of differentiation between landslide source and deposit areas (Frattini and Crosta, 2013) or the amalgamation of coalescing or adjacent landslides (Marc and Hovius, 2015) can cause variation in the shape of FAD. These factors may also cause a suboptimal fit of a power-law to the data, as we found for six of the 45 inventories. To test this argument, we analyzed the 2015 Gorkha (Roback et al., 2017) inventory where the authors mapped almost all of the source areas separately, in addition to polygons they delineated for both source and depositional areas. We calculated P-values for both versions of the Gorkha inventory. As was presented in Table I , the Pvalue is zero for the inventory including both sources and deposits of landslides, whereas P-value is 0.9 using only the source areas of the landslides. Therefore, the six inventories for which a power-law is not valid can be associated with landslide mapping techniques and uncertainties related to data quality. However, this is an extensive subject and uncertainties related to data quality are beyond the scope of this study. Instead, we focus on discussing the difficulty in characterizing the landslide FAD from the methodological perspective.
First of all, we show in Figure 2 that the shape of the FAD does not always follow the form proposed by Malamud et al. (2004) . The authors utilized the inverse gamma function to model the probability density distribution of landslide areas. For comparison, we modeled the probability density distribution of inventories from the 1994 Northridge and the 2008 Wenchuan events (Figure 7 ). As expected, the probability density distribution of the Northridge inventory (P-value=0.7) Jibson, 1995, 1996) follows the pattern of the modeled inverse gamma function proposed by Malamud et al. (2004) well (Figure 7(a) ), because it was one of the three inventories used to develop their model. However, the same inverse gamma fitting does not work well for the 2008 Wenchuan inventory (P-value=1.0) of Xu et al. (2014b) (Figure 7(b) ): the modeled distribution overpredicts at large landslide areas and underpredicts at small areas. Thus, the estimated β would not be representative for this inventory.
Second, the fitting of a landslide-event inventory to a powerlaw distribution and the power-law exponent (β) can be highly uncertain based on commonly used methods, such as leastsquares fitting (Clauset et al., 2009) . Different cutoff estimations can produce different β values. Thus, ensuring reproducibility requires the cutoff value to be defined via numerical ap- Objectively estimating the β value and its uncertainties can allow us to define landslide-event magnitude based on empirical curves. In the method proposed by Malamud et al. (2004) , the mLS is identified through visual comparison, which is not robust or reproducible. Moreover, using the same starting power-law fits for all inventories is problematic because the power-law exponents of inventories can vary from 1.4 to 3.4 (Van Den Eeckhaut et al., 2007; Stark and Guzzetti, 2009) and the identified mLS can vary depending on the exact location of the midpoint along the power-law fit. Fixing β to an average value would cause large uncertainty in the estimated mLS if the β of the empirical powerlaw fits differ significantly from the event-specific β. One of the most striking examples is the 2008 Wenchuan (Figure 8 ) inventory by Xu et al. (2014b) in which β is 3.09 and mLS ranges between 5 and 6, and no single value can be assigned visually because the average β is 2.50 (Figure 8(a) ). This observation not only emphasizes the importance of the power-law fit but also shows the requirement of our proposed method.
For the Wenchuan event the mLS is calculated as 6.15 by using the suggested method (Figure 8(b) ). Were the slope (β) not allowed to vary and we instead took the mLS value where the midpoint of the Wenchuan inventory lies (Figure 8(a) ), the estimated mLS would be 5.33. That corresponds (using Equation (2)) to an estimated total of 400 000 landslides, less than a quarter of the total landslides of the more robust estimate of mLS =6.15. In both approaches, the empirical lines passing through the midpoint of the Northridge inventory with different β values, have the same mLS value (mLS =4.05) because the midpoint of the Northridge inventory is the reference point whereas the Wenchuan inventory takes different mLS values for the average and the event-specific β values.
Note that the total number of landslides estimated based on Equation (2) is substantially more than those in the Wenchuan inventory. However, the total number of landslides is a subjective term due to several factors such as mapping methodology, amalgamation of coalescing landslides, and the quality and resolution of interpreted imagery. Therefore, we use it here to emphasize the relative difference between different estimations.
Both Keefer (1984) and Malamud et al. (2004) proposed a relation between total landslide area and the magnitude of the triggering earthquake. We compared our proposed mLS values (Figure 9 ) with those predicted by Malamud et al. (2004) based on the earthquake magnitude (Equation (4)). Results for the entire database show poor relation. Using only high-detail EQIL inventories provides better fit, but the relation remains relatively poor, which emphasizes that earthquake magnitude alone is not a sufficient proxy for the magnitude of EQIL inventories. This is to be expected because ground motions depend on earthquake characteristics other than just magnitude (e.g. depth, mechanism, distance, site conditions). Topographic, geologic, and tectonic factors also control the landslide distribution during an earthquake. Thus, landslide-event magnitude is a more reasonable proxy than earthquake magnitude to characterize seismically triggered landslide numbers and areas. Our proposed method appears is an objective way of estimating mLS with its uncertainty level. The next step would be relating landslide magnitude to characteristics of the earthquake and the affected area.
Conclusions
In this study, we analyzed the FAD of 45 EQIL inventories and observed a power-law for medium and larger landslides. We showed that the observed power-law shapes and exponents vary significantly and therefore, one universal size model is not capable of modeling the FAD of all different landslide inventories. We have proposed an objective and automated methodology to estimate landslide-event magnitudes. We Figure 8 . Illustration of the process of estimating mLS using the FAD of the 1994 Northridge Jibson, 1995, 1996) provide the codes for the methodology at https://github.com/ usgs/landslides-mLS. Although the methodology was derived using EQIL inventories, it can also be applied to landslide events caused by other triggering events such as rainfall. The proposed methodology aims to diminish the uncertainty derived from the subjectivity of visually based methods. We have identified a representative β for each specific landslide inventory in the definition of the empirical curves required for determining the landslide-event magnitude instead of using a fixed average β. We checked the validity of the proposed methodology by using the total landslide areas obtained from inventories. The analysis shows that we have improved the method of Malamud et al. (2004) in terms of total landslide area estimation. Therefore, we believe that the proposed mLS method can accurately estimate landslide-event magnitudes. The accurate and consistent estimation of mLS can help improve our ability to estimate total landslide area for the complete version of an inventory and even for inventories where only the larger landslides are mapped, since smaller landslides are excluded from the fitting procedure. Despite the uncertainties, the obtained mLS values also can help us understand the contributions of various explanatory variables such as the characteristics of the earthquake and the affected area. The relation between these characteristics and mLS needs to be explored with further studies. This could lead to methods for near real-time estimation of landslide-event magnitude and thus the total triggered landslide area.
